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Abstract  
Since few experiments prove the effectiveness of idea generation methods and tools, designers often base their choice on 
anecdotal evidence or personal experience. However, recently developed metrics enable a more fine-grained analysis of an 
ideation method’s effectiveness. This research presents the results of applying such metrics on the ideation tool PAnDA and 
discusses how to effectively use PAnDA together with its benefits and limitations. The results indicate that PAnDA increases the 
variety and novelty of the produced ideas especially for a variant or adaptive design task, and increases the effectiveness for 
designers with self-indicated preference to think logical and analytical. 
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1. Introduction 
Many different tools and methods have been developed to support designers dealing with the increasing 
complexity of designs in the final phases of the design process. In contrast, the first phases of the engineering design 
process, such as the problem definition, the information gathering and the idea generation phase, determine the 
innovativeness of the outcome. Furthermore, creative design can lead to substantial cost savings since up to 70 % of 
the cost of a product is determined by its design [1]. 
This has led to an increased interest in understanding the cognitive processes taking place during idea generation, 
and to an increased research activity focused on developing tools supporting the idea generation phase. However, 
designers currently base their decision for a ideation tool on anecdotal evidence, personal experience or preference, 
and few formal experiments have been set up to prove the effectiveness of the existing tools developed to support 
these first phases of the design process [2][3][4].  
Moreover, measuring the effectiveness of idea generation methods and tools on creativity and innovation requires 
replicable evaluation methods and suitable metrics. Recently, a number of metrics have been proposed to evaluate 
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the effectiveness of an ideation method [3][4], enabling designers to make better founded decisions on which 
ideation method to choose. 
These metrics can be applied to systematic innovation methods, such as TRIZ, to evaluate their effectiveness 
compared to a reference method. This paper presents the fine-grained results of these metrics applied on the ideas 
produced through the PAnDA ideation tool [5][6] compared to a control group. The interpretation of the results 
prescribes how to effectively use the PAnDA tool together with its benefits and limitations.  
Although this paper describes the results from a specific tool, the described methodology and metrics enable  
quantitative evaluation and comparison of the effectiveness of different systematic ideation methods along these 
metrics. Furthermore, this methodology also allows evaluation and comparing variations, e.g. Simplified TRIZ 
versus TRIZ, or tools within specific ideation methods, e.g. Su-Field versus Contradiction Matrix. 
2. Related research 
Existing methods to evaluate idea generation tools can be broadly grouped in two categories: process- and 
outcome-based evaluation methods [3][4]. 
In a process-based approach the occurrence of the creative cognitive processes are observed, e.g. videotaping 
“thinking aloud” sessions. These approaches are time-consuming and subjective since there are no commonly 
agreed upon techniques to conduct process-based studies. Furthermore, it is difficult to relate the occurrence of a 
cognitive process to the effectiveness of an idea generation tool [4].  
For these reasons, outcome-based evaluation approaches have become more prevalent. In an outcome-based 
approach, the ideas generated by the designer are evaluated rather than the occurrence of specific cognitive 
processes. An idea generation technique can then be considered to be effective if its use leads to “good” ideas, and 
metrics relate aspects of the generated design ideas to the effectiveness of the applied idea generation method. For 
this, Shah et al. [4] proposed two criteria, the effectiveness of the method in design space expansion and the 
effectiveness of the method in design space exploration.  
Based on these criteria, Shah proposes the following four metrics to measure the effectiveness of an ideation 
method: 
 Quantity, defined as the total number of ideas generated by the group or person. Since it is believed that 
generating several ideas increases the chance of occurrence of better ideas [7], Shah includes this metric as 
an important comparative. 
 Quality, as a measure of the technical feasibility of an idea and how well the design specifications are 
fulfilled. 
 Variety, as a measure of the exploration of the design space. The underlying rationale being that a low 
variety, caused by the generation of closely related ideas, decreases the chance of finding 'good' ideas in 
other areas of the design space.  
 Novelty, as the measure of how unusual or unexpected an idea is compared to other ideas for the same 
design problem. A very novel idea typically expands the design space. 
Later research by Nelson et al. [8] indicates some flaws when applying the variety metric in their studies, and 
proposes to calculate the variety score based on the number of differentiations instead of the number of variations at 
the different hierarchical levels of the variety tree. The same authors also indicated a flaw in normalizing a variety 
group score and propose not to normalize the variety. This also eliminates the need for a quantity metric, since a 
non-normalized variety score encompasses a measurement of the number of ideas. Additionally, a new method is 
proposed for creating a single combined metric in order to simplify the comparison between different sets of 
generated ideas.  
Based on effectiveness tests on realistic complex design problems, other research by Peeters et al. [9] proposes a 
refinement on the existing novelty metric. This adaptation allows for a more fine-grained comparison between 
multiple ideation methods and their effectiveness in producing novel ideas, and encompasses calculating the novelty 
at three different hierarchical levels: 
 the physical principle level; 
 the working principle level, and  
 the embodiment level. 
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In addition, Peeters et al. [9] propose to consider both the average novelty and the variation in novelty scores. 
Ceteris paribus, idea generation methods producing a high variety in novelty should be preferred over idea 
generation methods producing idea sets with low variation in novelty. The underlying rationale is that, in a typical 
innovation funnel, only few ideas with a high novelty will be retained after stage-gating. 
The quality metric used in this paper is based on the quality metric proposed by Shah et al. However, since an 
unanchored quality scale leads to little inter-rater reliability, a highly-defined three-point rating scale is used as 
proposed Linsey [10]. It’s noteworthy that this scale focuses less on meeting design specifications and more on the 
technical feasibility of an idea. Furthermore, this paper uses the variety and novelty metrics, as proposed by Nelson 
et al. and Peeters et al. respectively. However, since Nelson’s variety metric encompasses quantity, this metric is 
denoted by “variety (incl. quantity)” to discern it from the variety metric as proposed by Shah. 
3. PANDA 
This section gives a brief overview of the algorithms and output of the ideation tool PAnDA, which stands for 
Product Aspects in Design-by-Analogy. A more detailed explanation can be found in [11]. 
3.1. Input and pre-processing 
The input of the PAnDA tool consists of 155 thousand full-text patents randomly selected from the complete 
PATSTAT database [12].  
These texts are then pre-processed encompassing the following steps: 
 Hyphens are substituted by white space, e.g. design-by-analogy results in design by analogy. This ensures 
that concepts expressed differently still result in co-occurring words in subsequent steps. Furthermore, 
hyphened words are often related to the words forming their parts, e.g. design-by-analogy is related to the 
concepts analogy and design. 
 All non alphabet symbols are discarded, e.g. quotes.  
 All words not occurring in WordNet [13] are discarded. Since WordNet’s vocabulary contains a large 
number of both technical words in different spellings, this has the effect of eliminating misspelled words. 
 Only specific WordNet categories, such as adjectives or verbs expressing change, are retained, and product 
related WordNet categories are discarded, e.g. “noun artifact”. This filtering eliminates data structure 
related to the co-occurrence of the products themselves, e.g. the direct co-occurrences of the words wheel 
and ball are disregarded, while non-product related words, such as circular or round, are retained.  
This filtering leads to less noisy results, since the structure to be extracted from the data is mainly related to 
adjectives and verbs [3][4][11][50]. Additional benefits are the lower storage and processing requirements, 
which are especially relevant for the space and time complexity of the Principle Component Analysis 
detailed in Section  3.2. 
 To further reduce processing requirements, all terms not related to the structure or functioning of a product 
are manually discarded from further processing, e.g. the word “more” is discarded while “roll” is retained. 
A detailed explanation of this filter and in depth discussing of the possible impact on the results can be 
found in [11]. This filtering step reduces the number of terms by a factor of three. The construction of the 
relevance filter is an interactive work performed only once during the design of the PAnDA tool. 
 A Porter Stemming algorithm [14] is applied to remove the common morphological and inflectional 
endings from words in both U.K. and American English. Furthermore, stems are represented by the first 
related term, facilitating the interpretation of the results by end-users. 
 As a last pre-processing step, a Term-Patent matrix is build in which each element ij relates term i to patent 
j by the frequency of occurrence of terms with the same stem as term i in patent j. 
3.2. Principle components and interpretation 
Firstly, the Term-Patent matrix is weighted with a Term Frequency Inverse Document Frequency (tf-idf) scheme 
and normalized to account for different patent text lengths [15].  
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Subsequently, the weighted and normalized Term-Patent matrix is subjected to Principle Component Analysis 
(PCA) [16]. This technique extracts a given number of Principle Components (PCs) from the Term-Patent matrix. 
The first PC is the linear dimension which explains the maximum amount of the variance in the data set. Each 
succeeding PC represents as much of the remaining variability as possible, taking into account that all PCs are 
orthogonal to each other. 
The result of the PCA is a term-by-PC matrix, in which all terms are expressed in a smaller number of 
uncorrelated variables, the PCs. For testing and analysis purposes, the number of resulting PCs is set to 300 [17]. In 
the new coordinate system related terms occur in each other vicinity defining areas for certain underlying concepts. 
However, the concepts cannot be mapped to the PCs on a one-to-one basis, which impedes the interpretation of the 
PCs.  
Varimax rotation is a popular variant of the techniques aimed at rotating the PC coordinate system to a new 
coordinate system allowing easier interpretation of the resulting rotated PCs.  
Figure 1 illustrates the results of the varimax rotation by plotting the coordinates of all terms on the rotated PC 
38. All terms with high loadings are related to temperature, heating or cooling. 
Furthermore, after rotation a term typically has a high loading on a small number of rotated PCs. This is 
illustrated in  
Figure 2, which depicts the coordinates of the term heat on all rotated PCs. Thus, the PCA followed by a varimax 
rotation allows linking concepts one-to-one with rotated PCs. These rotated PCs are called Product Aspects (PAs) in 
the remainder of this paper. 
To assess the reliability of the interpretation of the different PAs, two researchers labeled a random sample of 30 
of the first 300 dimensions based on the top terms in each of these dimensions. From the results, a chance-adjusted 
free-marginal multi-rater kappa was calculated [18]. As a rule of thumb a kappa value of 0.7 or above is considered 
proof of good agreement [18]. For the random sample of 30 PAs, the fixed-marginal kappa is 0.92 indicating a high 
inter-coder agreement. It is concluded, that the interpretation of the PAs is consistent among people and that the 
labels can therefore be used to represent the underlying PA concepts in subsequent steps. 
 
 
 
 
Figure 1: Coordinates of all terms in the rotated principle component 38 related to heat. 
 
 
 
Figure 2: Coordinates of the stem heat in the rotated PC coordinate system. 
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3.3. Characterizing products in PA space 
Like any other word in the patent corpus, nouns can also be represented in PA space. This allows computing the 
strength of the relation between a product, represented by a noun, and the concepts represented by the PAs. The 
product can then be characterized by listing the top PAs to which it relates.  
Table 1 illustrates the top three PAs with normalized loadings for an example product antifreeze. 
Mathematically, this is accomplished by extracting the frequencies of occurrence of a noun, e.g. antifreeze, in 
each of the 155 thousand patents. These frequencies can be represented as a product-patent vector. This vector is 
transformed to a product-PA vector by applying the same transformations as were applied to the original Term-
Patent matrix through PCA analysis and Varimax rotation (see Section  3.2). 
 
Order PA nr Loading Description 
1 179 0.61 Freezing / Icing 
2 10 0.42 Corrosion 
3 38 0.27 Heat 
 
Table 1: The top three PAs with normalized loadings for the antifreeze product. 
3.4. Identification of design-by-analogy candidate products 
This section details the methodology concerning the automatic identification of candidate products for design-by-
analogy based on the labeled PAs and characterization of the products.  
As described in the previous section, the PAs represent the underlying concepts in the patent descriptions of the 
products. Therefore, the PAs encompass all, or at least part, of the concepts relevant for the attributional and 
relational similarity between these products [19]. 
Thus, a first ordering of the products can be performed based on the literal similarity between products. Two 
products are literally similar if they exhibit are large amount of attributional and relational similarity [20]. This 
implies that all PAs are taken into account when calculating the literal similarity between two products in the PA 
space. The literal similarity between two products can thus be defined as the inner product between the two product 
vectors in PA space, which coincides with the cosine similarity since the vectors are normalized beforehand.  
Furthermore, since idea generation exercises often focus on specific subsystems or functionalities that need 
improvement, the methodology also allows focusing on specific PAs. The user can assign weights to PAs in the 
similarity calculation, e.g. a user can focus on the corrosion characteristic for the antifreeze product and highlight all 
other products with a high loading on the corrosion PA.  
Some PAs, such as the rotation PA and the copying PA, exhibit intrinsic relational similarity since rotation is not 
only an attribute of a toothbrush but also a relation between the parts of a toothbrush. Other PAs, such as the color 
PA, can be regarded as more attributional. It is currently left to the user to identify which PAs, relational or 
attributional, are most relevant to his specific design-by-analogy exercise. 
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Figure 3: Literal similarity and similarity related to the corrosion concept of all products with respect to the antifreeze product. 
 
The results of the calculations of the literal similarity and similarity under focus of all products with respect to the 
target product to be improved, can be plotted. Figure 3 illustrates such a plot, with the literal similarity on the 
abscissa and the similarity under focus on the ordinate. Based on this plot, the user can select design-by-analogy 
candidates. This plot identifies closely related products (more to the right), as well cross-domain products related to 
a common PA (left upper part). 
4. Tests 
The sections below provide an overview of the experimental setup and an analysis of the obtained results. 
4.1. Experiment setup 
Design problem selection 
For the experiment, two random products are selected from a collection of products. In previous research [11], 
the following three products were randomly selected from the Google product taxonomy [21]: Toiletry, Carburetor 
and Candle. For this research, only Carburetor was retained as is, since the authors were less familiar with the 
Candle product and less confident in proposing a design problem for it. Toiletry refers to a group of products for 
grooming and personal care. Due to personal background, the authors selected the product Razor/Shaver from the 
toiletry group, since this product has more mechanical and less chemical properties. 
For the carburetor design problem, participants were asked to produce ideas for adjusting the airflow through a 
carburetor. For the razor/shaver design problem, the participants were asked to produce ideas for ways to remove 
hair. This ensures that the effectiveness of the PAnDA-tool is evaluated for both a more general and a more 
technical design problem. 
For both design problems, a plot was generated using the PAnDA tool. For the carburetor with design problem 
“adjust the airflow”, the authors combined the Inflow/outflow PA with the Aerodynamic PA. Figure 4 in annex 
presents the resulting axial plot. For the razor product with design problem “remove hair”, the authors selected the 
PAs rotate, cutting/drilling and ergonomics, and the results were presented to the participants in an network plot, as 
shown in  
Figure 5 in annex. 
Participants 
The same experiment was carried out twice. Firstly, with 17 students of the final year of master in science at a 
university (Katholieke Universiteit Leuven). Secondly, with 31 students of a college university (Howest PIH 
Kortrijk), from which 16 were third year students of the four year program Master of Engineering in Industrial 
design, and 17 were second year students of the three year program Bachelor of Industrial product design. All these 
participants have followed design methodology courses and have participated in multiple design projects. 
Literal similarity 
Similarity  
under focus 
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All participants were randomly divided in four different groups A, B, C and D. However, since the background of 
a designer can have a considerable influence on their performances in a design-by-analogy exercise [5], an equal 
number of participants from the three groups with a different field of study was assigned to every group. 
Experiment 
Table 2 depicts the experiment time schedule for each group. First, the purpose of the experiment is explained to 
the participants, after which the participants are asked to fill in two personal questionnaires to measure a number of 
personality traits. 
For the first control brainstorm, none of the participants worked with the PAnDA tool, indicated by condition N. 
For Brainstorm 2 and Brainstorm 3, some of the participants were given the PAnDA tool during the complete 
session or during a part of it. The time during which the participants received the tool is indicated by W in the 
schedule. These conditions are referred to as: 
 N: no PAnDA tool during complete session. 
 W: PAnDA tool during complete brainstorm session. 
 W/N: PAnDA tool during first 10 minutes of the brainstorm session. 
 N/W: PAnDA tool during the last 10 minutes of the session. 
 
A B C D time 
  Introduction to the experiment  
Filling in two personal questionnaires  
Explanation about the PAnDA-tool  
  Design problem for Control Brainstorm 1 (B1)  
N N N N 15 min 
Questionnaire B1  
  Design problem for Brainstorm 2 (B2)  
W W N N 10 min N W  10 min 
Questionnaire B2  
  Design problem for Brainstorm 3 (B3)  
N N W W 10 min W N  10 min 
Questionnaire B3  
  General Questionnaire  
 
Table 2: Experiment Schedule. 
 
4.2. Results 
This section presents a summary of the statistical analysis of the effectiveness of the PAnDA tool based on tree 
different metrics: the quality, variety (+quantity) and novelty metric. The last subsection also analyses the results in 
function of the personal traits of the participants. 
Quality 
Table 3 presents the results of the quality metric, which indicate that the effect of the PAnDA tool on the average 
quality scores of the produced ideas range from -8% to +8%. This effect can be considered small and is also 
statistically non-significant for both Brainstorm 2 and Brainstorm 3, since the significance levels are well above 
0,10. 
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Brainstorm 2 Brainstorm 3 
Score Effect Sig. Score Effect Sig. 
N 9,534   8,489   
W 9,441 -1% 0,813 9,191 +8% 0,241 
N/W 8,918 -6% 0,134 8,783 +3% 0,584 
W/N 9,431 -1% 0,785 7,849 -8% 0,242 
 
Table 3: Summary of the quality metric scores. 
 
Variety (incl. quantity) 
The results of the variety (incl. quantity) metric indicate a significant improvement in exploration of the design 
space when using the PAnDA-tool following an individual brainstorm (condition N/W) compared to an individual 
brainstorm without tool (condition N), as shown in 
Table 4.  
 
4 
Brainstorm 2 Brainstorm 3 
Score Effect Sig. Score Effect Sig. 
N 4,159   3,878   
W 4,664 +12% 0,571 3,141 -19% 0,377 
N/W 5,990 +44% 0,048 5,202 +34% 0,116 
W/N 4,415 +6% 0,778 4,287 +11% 0,627 
 
Table 4: Summary of the variety (incl. quantity) metric scores. 
 
For these variety (+quantity) results and analogous to [8], the assumption is made that two ideas produced at a 
lower hierarchical level equal the value of an idea produced at a higher hierarchical level. 
Table 5 presents a more fine-grained analysis of the variety (incl. quantity) metric at the working principle level 
only. The results show a stronger effect with a higher significance compared to the combined variety (incl. quantity) 
metric. This indicates that the PAnDA-tool can best be used for an exploration at the working principle level and 
embodiment level.  
These results are consistent with the working of the PAnDA-tool which only proposes candidate products based 
on one or more product aspects corresponding to the commonly used physical principle(s) in the target product. This 
implies that the PAnDA tool will only guide the designer to the use of new physical principles when the source 
product is associated to both a known and an unfamiliar physical principle in the target product. 
 
 
Brainstorm 2 Brainstorm 3 
Score Effect Sig. Score Effect Sig. 
N 1,672   1,021   
W 2,712 +62% 0,011 1,125 +10% 0,802 
N/W 2,804 +68% 0,007 1,661 +63% 0,120 
W/N 1,806 +8% 0,737 1,767 +73% 0,077 
 
Table 5: Summary of the variety (incl. quantity) at working principle level. 
 
The authors believe that the small and non-significant effect of the W/N condition in Brainstorm 2 can be partly 
explained by students not using the tool, since it was observed that most students in this condition first started on 
sketching and writing down their own ideas, and did not look at the tool before it was taken away. In contrast, for 
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Brainstorm 3, the W/N condition is significant which is consistent with the authors’ observation during the 
experiment that the students learned from their experience in Brainstorm 2, and now first looked at the PAnDA tool. 
Novelty 
The results of the novelty metric indicate a significant increase in combined novelty scores when using the 
PAnDA-tool followed by individual brainstorm (condition N/W) compared to an individual brainstorm (condition 
N), as show in  
Table 6. 
Analogous to the variety scores, the plots from the PAnDA tool mainly stimulate the participants to produce 
different ideas within the chosen Product Aspect or physical principle. This again indicates that the PAnDA-tool can 
best be used for an exploration at the working principle level and embodiment level, implying that PAnDA should 
preferably be used to guide the designer in a variant or adaptive design task.  
 
 
Brainstorm 2 Brainstorm 3 
Score Effect Sig. Score Effect Sig. 
N 2,934   3,378   
W 3,653 +25% 0,396 4,295 +27% 0,210 
N/W 4,049 +38% 0,181 4,318 +28% 0,184 
W/N 4,602 +57% 0,044 5,369 +59% 0,006 
 
Table 6: Summary of the combined novelty metric scores. 
 
For the combined novelty score, it should be considered that only the ideas of the control group are used as a 
reference. For this reason, all ideas which are not or rarely produced by the control group are assigned a high 
novelty score. Furthermore, the assumption is made that the novelty value of two ideas equals the novelty value of 
one idea at a higher hierarchical level. 
The above novelty metric analysis does not encompass differences in novelty variation. However, as described in 
Section  2, Peeters et al. [9] propose to consider both the average novelty and the variation in novelty scores. The 
underlying rationale being, that when comparing two idea sets with the same average novelty, the idea set with a 
large variation in novelty will encompass a subset of ideas which are more novel compared to all ideas in the set 
with a smaller variation in novelty. If the goal of the idea generation process is to produce an original idea, it is then 
more likely that some ideas from the set with high variety in novelty will be retained after the stage-gating in the 
innovation funnel. 
Table 7 depicts this variation in novelty scores, indicating a statistically significant increase in the variation of the 
novelty scores of the produced ideas for both the N/W and the W/N condition. This implies that the probability to 
produce a novel idea increases when combining the PAnDA-tool with an individual brainstorm. A possible reason 
for this higher variation in novelty scores is that the PAnDA tool proposes cross-domain as well as within-domain 
products. For the W condition, no significant increase in variation is found. Possibly, the students only working with 
tool, experience a fixation on the products proposed by the tool. 
 
 
Brainstorm 2 Brainstorm 3 
Score Effect Sig. Score Effect Sig. 
N 2,521   3,081   
W 3,177 +26% 0,411 3,191 +4% 0,994 
N/W 3,97 +57% 0,081 4,545 +48% 0,027 
W/N 4,03 +60% 0,070 4,42 +43% 0,053 
 
Table 7: Summary of the variation in novelty metric scores. 
 
 
72  Paul-Armand Verhaegen et al. / Procedia Engineering 9 (2011) 63–76   Paul-Armand V rhaegen et al. / Physics Procedia  ( 1) 63–76 P.A. Verhaegen, J. Peeters, D. Vandevenne, S. Dewulf, J. R. Duflou / Procedia Engineering 00 (2011) 000–000 
 
Personal traits 
Furthermore, this research indicates that the individual idea generation performances are strongly related to the 
background of the participant and to the thinking preference indicated by the participant himself. 
The results of Brainstorm 3 (removing hair problem) indicate a significant (F(1,44)=3,857, P=0,056) correlation 
between the gender of the participant and the variety (without quantity) score of the participant. The results also 
point out that male participants produce significantly (F(1,44)=3,996, P=0,052) more differentiations at the working 
principle level than female participants. This indicates that the female participants do not produce more ideas, but 
that the ideas they produce are more diverse. Analysis of the results reveals that men tend to limit themselves to the 
physical principle of shaving to remove hair. However, women are more familiar with other physical principles to 
remove hair, such as pulling out the hair.  
Brainstorm 2 does not reveal any correlation with the gender of the participants. However, the combined results 
of Brainstorm 1 and Brainstorm 2 reveal significant correlations between the participants self-indicated thinking 
preference and the novelty and quality metrics; as shown in  
Table 8.  
 
 
Logical 
Fact-Based 
Analytical 
Numbers-based 
Feeling-based 
Emotional 
Kinesthetic 
Interpersonal 
Novelty Quality Novelty Quality 
No tool 
Brainst. 1 
(N) 
Lower 
Novelty 
P=0,058 
Not 
sign. 
Not 
sign. 
Not 
sign. 
Tool 
Brainst. 2 
(W, W/N, 
N/W) 
Not 
sign. 
Higher 
Quality 
P=0,08 
Lower 
Novelty 
P=0,057 
/ 0,201 
Lower 
Quality 
P=0,201 
/0,057 
 
Table 8: Summary of the impact of personal traits on the novelty and quality metrics. 
 
For the first control brainstorm, the participants’ combined novelty score is nearly significant (P=0,058) 
negatively correlated with the self-indicated score on their preference to think logical, fact based, analytical and 
based on numbers. This implies that it is less probable to find novel ideas by an analytical way of thinking. 
However, the novelty score for Brainstorm 2 is not significantly correlated with a preference to think logical, fact 
based, analytical and based on numbers. This implies that, by using the PAnDA tool, logical designers can generate 
at least as novel ideas as people with other thinking preferences. 
For the second brainstorm, the quality scores are nearly significant (P=0,08) positively correlated to the self-
indicated preference to think logical, fact based, analytical and quantitative. For the first control brainstorm this 
correlation is not significant, which implies that the use of the PAnDA tool increases the quality of produced ideas 
for designers with a preference to logical thinking. 
Furthermore for this second brainstorm, there is a nearly significant negative correlation between the embodiment 
(P=0,057) and physical (P=0,201) novelty score and the self-indicated preference to think feeling based, emotional, 
kinesthetic and interpersonal. The correlation with the preference to think feeling based and the combined novelty is 
however less significant (0,289). The quality scores are also with a lower significance level (P=0,10) negative 
correlated to how these participants score themselves on their preference to think feeling based, emotional, 
kinesthetic and interpersonal. This indicates that the use of the PAnDA-tool restricts feeling based designers to 
produce novel ideas, and results in ideas with a lower quality.  
This indicates that the PAnDA tool works better for designers self-indicating a preference to logical, fact-based, 
analytical and quantitative thinking compared to designers indicating a preference to thinking feeling-based, 
emotional, kinesthetic and interpersonal. 
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However, the correlations between performance and the self-indicated thinking preference could not be retrieved 
for Brainstorm 3 (all correlations are P>0,25), which might limit previous conclusions to more technical problems, 
such as the carburetor.  
5. Summary 
It was shown that the recently developed metrics for variety (incl. quantity), novelty and quality, allow for  a 
more fine-grained analysis of the effectiveness of idea generation methods.  
Furthermore, it was shown that the PAnDA tool, which stands for Product Aspects in Design-by-Analogy, can 
support the idea generation phase by increasing the variety and novelty of the produced ideas especially for a variant 
or adaptive design task.  
It was also shown that strong indications exist that the PAnDA tool works best for designers with a self-indicated 
preference to think logical, and that designers with a self-indicated preference to think feeling-based and emotional 
might generate significantly less novel and qualitative ideas compared to logical and analytical designers when both 
groups use the PAnDA tool. 
These results should be used to steer further research on the PAnDA tool and similar ideation tools. Interesting 
topics for further research include, but are not limited to: 
 The effect of using the PAnDA-tool in a brainstorm session both before and after an individual brainstorm 
(condition W/N/W). 
 The effect of the use of multi word categories and a larger size of taxonomy on the effectiveness of the 
PAnDA-tool in the product design process. 
 The effect of adding to the PAnDA-tool a general description and/or an improved representation of the 
candidate products. 
 The effect of the implementation of the PAnDA-tool in a team setting and the effect of the team variables 
on the effectiveness of the PAnDA-tool. 
 The refinement of the evaluation metrics to allow a better classification of idea generation methods based 
on the operating variables for which these methods work best. 
 The effectiveness of the PAnDA-tool in product design compared to other idea generation methods. 
 The evaluation of the effectiveness of other idea generation methods and the identification of designer tasks 
and designers or group of designers for which these methods best. 
Since there are no definite guidelines or rules to evaluate ideation methods, it is our hope that this paper and the 
herein described methodology contribute to the development of a more encompassing and clearly defined 
methodology to evaluate the effectiveness of idea generation tools and methods. 
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Annex 
  
Figure 4: Axial plot of the PAnDA-tool for the Carburetor product (Brainstorm 2). 
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Figure 5: Network plot of the PAnDA-tool for the Razor product (Brainstorm 3). 
